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ABSTRACT
In this paper, we describethe BBN BYBLOS systemusedfor the
1999 Hub-4E 10xRT evaluationbenchmark,and discussthe im-
provementsmadeto thesystemin 1999.Wefocusonthetechniques
thatwerenew in thisyear’ssystemto achieveanoptimaltradeoff be-
tweenaccuracy andspeedfor theevaluationbenchmarktest.Over-
all, weimprovedtherecognitionaccuracy onthe1998Hub-4Eeval-
uationtestby 14%relative to our 199810xRT system(from 17.1%
to 14.7%),or equivalentlywe spedup the1998Primarysystem24
times(from 240xRT to 10xRT) while maintainingthesameworder-
ror rate(14.7%).Thisprogresswasattributedto improvementin fast
segmentationusingdual-bandanddual-genderphone-classmodels
basedonRASTA-normalizedfeatures,supervisedMLLR adaptation
of band-limitedmodelsto real telephonetraining data,adaptation
betweendecodingpasses,andvariousadaptationspeedups.

1. INTRODUCTION
The1999BBN BYBLOS 10xRT broadcastnews transcriptionsys-
temwasbasedon boththe1998BYBLOS PrimarySystem[1] and
the 1998BYBLOS 10xRT system[2] with substantialalgorithmic
improvementaswell assystemchange.Automatictranscriptionof
broadcastnewsis achallengingspeechrecognitionproblembecause
of the frequentand unpredictablechangesthat occur in speaker,
speakingstyle, topic, channel,andbackgroundconditions. A suc-
cessfultranscriptionsystemnot only requiresto have robust mod-
els to deal with thesevariability, but also needsto have an effi-
cient segmentationstrategy to breakthe continuousaudio stream
intomanageablesmallersegments.In contrastto theslow segmenta-
tion schemedeployedin our199810xRT system,thisyear’ssystem
usedan improved segmentationalgorithmthatnot only took much
lesstime but alsocould producebettersegmentswhich eventually
resultedin lower recognitionword errorrate.

Fastersegmentationalso provided opportunity(within the 10xRT
limit) to have multiple decodingstageswith refined modelsthat
could lead to betterrecognitionaccuracy. Insteadof having only
onedecodingstagein whichspeaker/channeladaptedmodelscould
only beusedoncein theN-Bestrescoringpassin the199810xRT
system,we coulddo two decodingstagesin this year’s systemwith
fastbetween-passadaptationduringthefirst decodingstageandfull
adaptationin thesecondstage.

Similar to last year’s system,we had anotherset of band-limited
acousticmodelsto handlethetelephonespeechportionof theevalu-
ationtestset.However, theseacousticmodelswerefurtherrefinedin
thisyear’ssystem.After obtainingthemodelstrainedonall acoustic
trainingdataanalyzedwith reducedbandwidth,weapplieda super-
visedMLLR [9] adaptationto thesemodelsusingthesubsetof real
telephonespeechdata.

The paperis organizedasfollows. Section2 givesan overview of
the systemusedfor the 1999 10xRT Hub-4E evaluation. In sec-
tion 3 we discussthe improvementsmadeto the systemsincethe
1998benchmark,alongwith experimentalresults.We finish with a
descriptionof our1999Hub-4Eevaluationresultsandthecomputa-
tional resourcesusedduringtheevaluationin section4.

2. SYSTEM DESCRIPTION
Weused200hours(nominal- 140hoursactual)of BroadcastNews
training datafrom the 1996,1997,and1998LDC releasesplus 5
hoursof Marketplacedata from 1995. The datawas partitioned
by genderto createtwo setsof gender-dependent(GD), speaker-
independent(SI) models,withoutregardfor speechconditionor sig-
nalbandwidth.Two correspondingsetsof reducedbandwidth(125-
3750Hz) GD, SI modelswerealsocreatedusingthesametraining
data.

For eachgender, we createdthree SI models to be usedin our
multiple-passrecognizer:

� PTM: 512Gaussiansperphone,within-word triphones
� SCTM NX qph: 64 Gaussiansper state,3.7K states,within-

word quinphones
� SCTMXW qph:64Gaussiansperstate,4K states,cross-word

quinphones

We also createdreducedbandwidthPTM, SCTM NX qph, and
SCTM XW qph modelsfor eachgender. (A detaileddescription
of theacousticmodelsandhow eachmodelis trainedcanbefound
in [3].)

We useda total of 600 million wordsto train the languagemodel.
Thedatawerefrom thefollowing sources:

� 556 million words selectedfrom the LDC official releases
North American News Text Corpus, North American News
Text Corpus (Supplement) and AP Worldstream English, and
the previous releasein 1997. Data prior to 1994 were ex-
cluded. We also excluded data in the previous year’s test
epochs(1996/10/15to 1996/11/15,andafter1998/02/28).

� 40 million words from in-housedata previously obtained
throughPrimarySourceMedia,and

� 4 million wordsfrom theLDC-releasedacoustictrainingdata
(weightedby a factorof 20).

Theresultinglanguagemodelhad13M bigramsand43M trigrams.



The 1999BBN BYBLOS 10xRT systemwas run in threestages:
segmentation,first decodingstage,andseconddecodingstage.

1. Segmentation:We first separatethe test into wide-bandand
narrow-bandmaterial,usingadual-bandphonemedecoder[1].
Eachchannelis thennormalizedwith RASTA [4], andadual-
genderphonemedecoderis appliedto detectgenderchanges
andsilencelocations.Within eachchannel-genderchunk,we
performspeaker changedetection[5], so we endup with an
automaticsegmentationthatdefinesspeaker turns,alongwith
their genderandchannellabels. VocalTractLengthNormal-
ization(VTLN) is thenemployedto selecttheoptimalstretch
factorfor eachspeakerturn,andthetestmaterialis re-analyzed
usingLPC smoothingandnon-causalcepstralmeansubtrac-
tion. At this stagethe narrow-band-labeledsegmentsarean-
alyzedat a reducedbandwidth(125-3750Hz). Finally, the
speaker turns are choppedinto short segments(averaging4
seconds)basedon thedetectedsilencelocations.

2. First DecodingStage: The first decodingis carriedout in a
sequenceof threepasseswith fastbetween-passadaptationas
explainedbelow.

� forwardPTM fastmatch[6]
� constrainedMLLR [7] unsupervisedadaptation of

SCTMNX qphmodelsusingtheforward-passhypothe-
sesastranscripts

� backward adaptedSCTM within-word quinphonede-
coding,producinganN-bestlist [8]

� constrainedMLLR unsupervisedadaptationof SCTM
XW qphmodelsusingthetop-1hypothesisfrom theN-
bestlist

� adaptedSCTM cross-word quinphonerescoringof the
N-best,alongwith a trigramlanguagemodelrescoring,
to find thebesthypotheses

3. SecondDecodingStage: The besthypothesesproducedby
the first decodingstageare thenusedto adaptthe PTM and
SCTMmodelmeanswith 8 transformations.Then,a forward-
backward-rescorecascadeis run againwith theadaptedmod-
elsto producethesystemfinal recognitionoutput.

3. RECENT IMPROVEMENTS
3.1. Fast Segmentation
In the 1998evaluationwe usedan elaboratesegmentationstrategy
that employed a GI 12-phonedual-banddecodingfor banddetec-
tion, followedby adual-genderword decodingfor genderdetection
within channelturns. This procedureleadsto fairly accurateband
andgenderdetection,but is too expensive to incorporatein a real-
time recognitionsystem.Evenfor the10x evaluationcondition,we
hadto sacrificeaccuracy by pruningtheworddecodingaggressively
in orderto bring thetotal segmentationtimedown to 1.9xRT.

Besidesthe timing constraints,there is also the issueof what is
thepropercepstralnormalizationmethodto usewhenthesegment
boundariesarenot definedyet. Non-causalCepstralMeanSubtrac-
tion (CMS)performsbestwhenappliedto purechannel/speakerseg-
ments,andintroduceserrorswhenthesegmentshave mixedcondi-
tions. Also, droppingCMS altogetherresultsin badsilencedetec-
tion anda lot of speechdeletions.For all thesereasonswe decided

to usetheRASTA methodfor CMS, which is very robustanddoes
notdependon thesegmentationboundaries.

To testtheefficacy of RASTA phone-classmodelsfor segmentation,
weperformedaseriesof experimentson the1997Hub-4evaluation
testset,usingSI gender-dependentmodelstrainedonapproximately
150hoursof broadcastnews. In thoseexperimentsweusedRASTA
not only for the initial test segmentationphone-classmodels,but
for all the modelsusedin later recognitionpasses

�
. The results

areshown in Table1, wherewecanseethatthesegmentationusing
RASTA context-independent12-phonedual-gendermodelis 0.6%
betterthanlast year’s 10xRT system’s segmentation.The last line
in Table1 shows theWER obtainedwhenthetruechannel/speaker
boundariesareusedfor thesegmentation,andwhenthesilencede-
tectionis basedonforcedalignmentof thereferencetranscriptswith
the bestcross-word SCTM models. It is clearthat the accuracy of
thefastphone-classRASTA segmentationis verycloseto thatof the
unfair segmentation.

Segmentationmethod xRT WER

199810xsystem 1.9 18.8
12-phonedual-gender 0.2 18.2
unfair segmentation N/A 17.7

Table1: Effectof fastRASTA segmentation(band-independent)

We alsotraineda 22-phonedual-banddual-gendermodelin an at-
tempt to detectsilence,bandandgendersimultaneously. This in-
creasedthecostof segmentationby 0.1xRT, but unfortunatelyintro-
ducedmoresegmentationerrors,andtheresultingWERwas18.6%.
Wetried to fix thisproblemby separatingthechannelfrom thegen-
der detection,usingtwo passesof phonemedecoding:a first pass
with a12-phonedual-bandmodel,followedby asecondpasswith a
12-phonedual-gendermodel.By examiningtheoutputof thedual-
bandphonemerecognizer, we foundthat thechanneldetectionwas
not very accurate,so we concludedthat it is betterto performthe
channeldetectionon unnormalizedfeatures.Table3 shows the re-
sultsusingunnormalizedcepstrafor band-detection:

Segmentationmethod xRT BD models WER

12-phdual-band+ 12-phdual-gender 0.4 no 18.3
12-phdual-band+ 12-phdual-gender 0.4 yes 17.6

Table2: Effectof fastband/genderdetectionwith andwithoutband-
specificmodelsin laterrecognitionpasses

Sothesegmentationprocedurethatworksbestis:

1. analyzethewaveformto generatecepstrafor eachframe.

2. decodeusing the 12-phonedual-bandphone-classmodel, in
orderto obtainchannelchangeboundaries.

3. smoothout phonemedecoderoutput to eliminate too short
channelturns.

�
Welaterfoundthattherewasasmallgainfor usingnon-causalCMSon

eachspeaker turnafterthesegmentationis completed,sothefinal BYBLOS
systemusednon-causalCMSfor theword decodingpasses



4. applyRASTA normalizationto thecepstrafrom step(1).

5. segmentthe RASTA input into channelturns,asspecifiedin
step(3).

6. decodeeachchannelturn using the RASTA 12-phonedual-
genderphone-classmodel,in orderto obtaingenderchanges.

7. smoothout phonemedecoderoutputto eliminateshortgender
turns.

8. run fastspeaker changedetectionwithin channel-genderturn,
to determinespeakerboundaries,anddivideinto speaker turns.
This informationcanbeusedlaterfor adaptation.

3.2. Fast Adaptation
Adaptationis very desirablein thedesignof a real-timesystem,be-
causeit customizesthe acousticmodelsto eachtest speaker, im-
proving both recognitionaccuracy andspeed.However, whenthe
acousticmodel is very large, the costof adaptationis not negligi-
ble, andcanbebroken down into two parts: thecostof estimating
thetransformationandthecostof applyingthetransformation.The
estimationstagerequiresa forward passto obtaina frameto state
alignmentandaccumulatesufficientstatistics.In thecaseof MLLR,
� matrixaccumulatorsareneeded,where� is thesizeof thefeature
vector( ������� for our system).In orderto speedup the forward
pass,we usedthesameFastGaussianComputation(FGC)method
thatweapplyduringrecognition.In addition,wewereableto speed
up theaccumulationprocessby usinga leastsquarescriterionto es-
timatethetransformation,insteadof theusualmaximumlikelihood.
ThisLeastSquaresLinearRegressionmethod(LSLR) requiresonly
oneaccumulatormatrix,andsuffersonly asmalldegradationin ac-
curacy, asshown in Table3.

AdaptationMethod FGCin fw pass xRT WER

MLLR no 1.5 17.0
MLLR yes 1.0 17.0
LSLR yes 0.6 17.1
constr. MLLR yes 1.5 17.1
baseconstr. MLLR yes 0.4 17.1

Table3: Effect of FGC,LSLR andconstrainedMLLR during the
estimationof the transformation.The resultsareon h4e97,using
GD RASTA modelstrainedon 140 hours. Timing wasdoneon a
Pentium-II450MHz machine.

Unfortunately, thereisn’t muchwe cando to reducethecostof ap-
plying thetransformation.Thetransformationmatrixhasto bemul-
tiplied with everyGaussianmeanin theacousticmodel,andthiscan
beverycostlywhenthemodelis large.It wouldbemuchfasterif we
appliedthe transformationto the featuresinstead.This is possible
with the constrainedMLLR adaptation,in which a singletransfor-
mationmatrixis usedto adaptboththemeanandvarianceof aGaus-
sian.In thiscase,it is equivalentto estimateatransformationmatrix
that is appliedto the observations. This speedsup the application
of the transformsignificantly, but the estimationis very expensive	
. We foundthatwecanreducethecostof estimationprocessby at

leastafactorof three,by estimatingthetransformationmatrixbased
	
A detailedanalysisof the computationalcomplexity of this methodis

givenin [7]

on the steadystatefeatureparametersonly. In otherwords,we do
not accumulatestatisticsfor the first andsecondderivativesof the
baseinput features. Then, the resultingbase-transformis applied
to boththesteady-statefeaturesandtheir derivatives. Interestingly,
thereis no degradationin accuracy from usingthis approximation,
asdemonstratedin Table3.

TheconstrainedMLLR resultsreportedin this tablewereobtained
with a singletransformationmatrix. Contraryto our expectations,
wefoundnoadditionalgainfor usingmorethanonetransformations
with constrainedMLLR. Thus,we decidedto usethis methodonly
during the first decodingstage. In the seconddecodingstagewe
usedLSLR adaptationof themodelmeanswith 8 transformations.

3.3. Narrow-Band Model Adaptation
The broadcastnews acoustictraining data containsonly a small
amountof telephonespeech(about8 hoursof maleand3 hoursof
female),soit is notenoughfor traininggender-dependenttelephone-
specificmodels.In lastyear’s system,weband-limitedall thetrain-
ing datato make themsoundlike telephone,andtraineda separate
setof acousticmodels. This yearwe extendedthis ideaa bit fur-
ther, andusedtherealtelephonetrainingdatafor adaptingtheband-
limited modelswith MLLR. This gave usanextra gainon thetele-
phoneconditions(F2 andFX), asshown in Table4. It is interesting
to seethatadaptingthewidebandmodelsto therealtelephonedata
is slightly betterthanusingband-limitedmodelswithoutsupervised
adaptation.

Band-Specific Telephone-Adapted F2 FX all

no no 23.8 32.4 16.4
no yes 21.3 30.3 15.8
yes no 21.9 30.6 16.0
yes yes 19.9 29.8 15.6

Table4: Effectof band-specificmodelswith andwithoutsupervised
adaptationto real telephonetrainingdata,on h4e97. Modelswere
trainedon 140hours.

Note that the secondhalf of the acoustictraining transcriptsdoes
not containinformationaboutthe channel,so we hadto detectthe
channelautomatically. We did this usingthe same12-phonedual-
bandphone-classmodelthatwasusedfor channeldetectionduring
thetestsegmentationstage.

4. 1999 HUB-4E RESULTS
Table5 shows theBBN resultson the199910xRT Hub-4Ebench-
mark. [The Hub-4Eevaluationtestsetin 1999(h4e99)seemsto be
harderthanthat of the previous year]. We canseethat the recog-
nition accuracy of thefirst decodingstage(17.9%)is very closeto
thefinal system’s performance,after two decodingstages(17.3%).
In otherwords,thesystemcanbeconfiguredto run in lessthanhalf
thetime (i.e. not runningtheseconddecodingstageasillustratedin
Table7) with a tradeoff of 3.4%relativeaccuracy degradation.

It is alsointerestingto seetheoverall improvementof theBBN BY-
BLOSsystemin 1999.Usingthetechniquesdescribedin theprevi-
oussection,we wereableto reducetheword errorrateon the1998
Hub-4Eevaluationset(h4e98)by 14%relativeto our199810xsys-



Stage F0 F1 F2 F3 F4 F5 FX all

1 9.4 17.6 19.1 16.1 15.8 20.6 44.3 17.9
2 9.1 16.8 18.3 15.6 15.5 19.2 43.1 17.3

Table5: BBN resultson the1999Hub-410xRT evaluationbench-
mark. The WER is shown for both the first andseconddecoding
stages.

tem,demonstratedin Table6 by focusconditions.We canalsosee
that the 199910x systemachievesthe sameaccuracy asour 1998
primarysystem,but runsabout24 timesfaster.

Condition 1998Primary 199810x 199910x

F0 9.6 10.3 9.1
F1 14.8 17.0 16.1
F2 18.6 24.9 18.9
F3 22.4 22.5 17.7
F4 21.0 16.5 14.1
F5 18.4 21.7 21.7
FX 29.5 29.7 24.2

Overall 14.8 17.1 14.7

xRT 244.0 10.0 10.0

Table6: Comparisonof the BYBLOS 1998and1999systemson
h4e98.Timing wasperformedonaPentium-II450MHz machine.

Computational Resources and Timing Information Thecompu-
tationfor thisevaluationwasdoneonIntel-basedPCswith 600MHz
Pentium-IIICPUs,1024MBof RAM, and2GBof swapspace.The
operatingsystemwasLinux RedHat4.1andthecompilerwasGNU
gcc version2.95.1 from the Free Software Foundation. Table 7
shows timing information for the basic recognitionstagesof the
199910xsystemon theh4e99testset.

Stage xRT

Segmentation 1.1
FirstDecoding 3.1
SecondDecoding 4.8

Total 9.0

Table7: Timing informationof the 1999BYBLOS systemon the
h4e99 test set, measuredon Pentium-III 600MHz PC’s running
Linux.

5. SUMMARY
Wehave describedour 1999BYBLOS 10xRT broadcastnews tran-
scriptionsystemdeployed in theDARPA 1999Hub-4Ebenchmark
test. Comparedto the previous year, we achieved a relative 14%
word errorratereductionwhenrunningat thesamespeed(10xRT).
Or equivalently, we spedup the BYBLOS transcriptionsystemby
a factorof 24 while maintainingthe sameaccuracy (14.7%). This

optimaltradeoff wasachievedthroughnotonly low level codeopti-
mization,but alsoon higherlevel algorithmicandsystemchanges.
We developeda fasterandmoreaccuratesegmentationstrategy in
which only phone-classdecodingis needed.Banddetectionis best
doneonun-normalizedcepstrawhile genderandsilencedetectionis
moreaccurateon RASTA-normalizedcepstra.Wealsodevelopeda
fastadaptationapproachin thefeaturespaceto beusedbetweende-
codingpasses.Adaptationtransformationmatrix canbe estimated
only from the steady-statefeaturesbut canbe appliedto both the
steady-statefeaturesand their derivatives. Narrow-bandacoustic
modelstrainedonall trainingdataanalyzedwith reducedbandwidth
canbe refinedfurther by applyingsupervisedadaptationusingthe
subsetof realtelephonespeechasadaptationdata.
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